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Introduction
Denition (Scanpath [Noton and Stark(1971)])
A scanpath is a particular sequence of eye movements when a particular visual pattern
is viewed.
Visual scanpath is often held as a marker
of attention
For the purpose of this presentation, we will consider a scanpath as being
any eye-movement data collected by eye-tracking apparatus,
any path stemming from a computational model (saliency algo. with IOR
[Koch and Ullman(1985)] for instance).
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Introduction
The overall scanpath pattern is inuenced and shaped by a combination of:
1 Top-down cognitive factors (expectations, goals, memory...).
2 Bottom-up processes involving visual sensory input.
Example: Impact of the visual quality on the deployment of visual attention
Dierent methods can be used to evaluate the similarity between scanpaths.
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These three methods have been described in the chapter proposal:
String edit [Levenshtein(1966)];
Mannan's metric [Mannan et al.(1995)];
Vector-based metric [Jarodzka et al.(2010)].
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Denition (String edit-Levenshtein distance [Levenshtein(1966)])
This technique was originally developed to account for the edit distance between two
words. The similarity is given by the minimum number of operations needed to
transform one string into the other, where an operation is an insertion, deletion, or
substitution of a single character.
Advantages:
+ Easy to compute
+ Keep the order of xation
Drawbacks:
− How many viewing areas of interest
should we use (7,12,15,25...)?
− It does not take into account
xation duration...
Parrot picture with a 5× 3 grid overlaid
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Denition (Vector-based metric [Jarodzka et al.(2010)])
The vector-based metric represents the scanpath as a sequence of vector. For
example, a scanpath with n xations is represented by a set of n − 1 vectors.
This representation is interesting because it
preserves:
the shape of the scanpath;
the length of the scanpath (almost);
the direction of the scanpath saccades;
the position of xations;
the duration of xations.
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The vector-based metric is composed of
three steps:
1 Scanpath simplication:
→ small consecutive saccadic
vectors are merged;
→ consecutive vectors having
similar directions are merged.
2 Temporal alignment:
→ Similarity matrix M;
→ Adjacency matrix A;
→ Find the shortest path.
3 Scanpath comparison providing 5
measures:
→ dierence in shape (vector
dierence);
→ dierence in amplitude of
saccade;
→ dierence in spatial position;
→ dierence in direction;
→ dierence in duration.
Advantages:
+ No pre-dened AOIs
+ Alignment of scanpaths (based on
their shapes or on other
dimensions)
Drawbacks
− Eye movements such as smooth
pursuit are not handled
− It compares only two scanpaths
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From a xation map to a saliency map
Discrete xation map f i for the i th observer (M is the number of xations):
















(a) Original (b) Fixation map (c) Saliency map (d) Heat map12
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Denition (Divergence of Kullback-Leibler)
The Kullback-Leibler divergence is used to estimate the overall dissimilarity between
two probability density functions. Let dene two discrete distributions R and P with
probability density functions rk and pk , the KL-divergence between R and P is given










The KL-divergence is only dened if rk and pk both sum to 1 and if rk > 0 for any k
such that pk > 0.
(a) (b) (c)
KL(c, b) = 3.33 and KL(b, c) = 7.06.
Advantages:
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The Receiver Operating Characteristic (ROC) analysis provides a comprehensive and
visually attractive framework to summarize the accuracy of predictions.
The problem is here limited to a two-class prediction (binary classication).
Pixels of the ground truth as well as those of the prediction are labeled either as
xated or not xated.
Hit rate (TP)
ROC curve
AUC (Area Under Curve)
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(a) Reference (b) Predicted (c) Classication
A ROC curve plotting the false positive rate as a function of the true positive rate is
usually used to present the classication result.
Advantages:
+ Invariant to monotonic
transformation
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These four methods have been described in the chapter proposal:
Receiver Operating Analysis;
Normalized Scanpath Saliency [Parkhurst et al.(2002), Peters et al.(2005)];
Percentile [Peters and Itti(2008)];
The Kullback-Leibler divergence [Itti and Baldi(2005)].
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Receiver Operating Analysis (1/3)
ROC analysis is performed between a continuous saliency map and a set of xations.
Human xations only [Torralba et al.(2006), Judd et al.(2009)]:
→ In this case, the hit rate is measured in function of the threshold used to binarize
the saliency map.
(a) HitRate=100% (b) HitRate=50%
This method is not sensitive to the false alarm rate.
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Receiver Operating Analysis (2/3)
The ROC analysis is here performed between a continuous saliency map and a set of
xations.
Human xations plus a set of control points
[Einhäuser and König(2003), Tatler et al.(2005)]:
→ by selecting the control points from a uniform or random distribution;
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Receiver Operating Analysis (3/3)
The ROC analysis is here performed between a continuous saliency map and a set of
xations.
Human xations plus a set of control points
[Einhäuser and König(2003), Tatler et al.(2005)]:
→ by selecting locations randomly from a distribution of all xation locations for that
observer that occurred at the same time, but on other images.
This method accounts for center bias, same systematic tendency...
It underestimates the salience of areas which are more or less centered in the image...
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Measuring a realistic upper-bound (1/3)
No saliency prediction can perform
better than inter-observers dispersion.
Dispersion between observers:
prior knowledge, experience, task,
cultural dierence...
face, text, low-level visual
features...
The dispersion can be evaluated by a one-against-all or leave one out.
Example: inter-observers congruency based on the Hit Rate metric
[Torralba et al.(2006)]
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Inter-observers congruency for Judd's
database [Judd et al.(2009)]:
1000 pictures, 15 observers;
congruency based on the hit rate.
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Measuring a realistic upper-bound (3/3)
The inter-observer dispersion can be used as:
to the dene the upper bound of a prediction
to normalize the metric (nAUC as proposed by [Zhao and Koch(2011)]).
Comparison of four state-of-the-art models (Hit Rate) by using two dataset of eye
movement
N. Bruce's database: O. Le Meur's database:
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Predicting the dispersion between observers
There exist two computationnal models to predict the dispersion between observers:
Visual Clutter [Rosenholtz et al.(2007)] based on entropy of Wavelet subbands;
IOVC (inter-Observers Visual Congruency) [Le Meur et al.(2011)]:
→ Face detection;
→ Color Harmony;
→ Depth of Field;
→ Scene Complexity (entropy, number of regions, contours).
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Pictures with the highest predicted congruency
Pictures with the lowest predicted congruency
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Focal-ambient dichotomy
Two populations of visual xations?
Recent ndings about two distinct populations of xations
Velichkovsky and his colleagues
[Velichkovsky(2002), Unema et al.(2005), Pannasch et al.(2011)] conjointly
analyzed the xation duration with the subsequent saccade amplitude.
→ (short) Fixations with subsequent large-amplitude saccades ⇒ Ambient mode
→ (long) Fixations with subsequent small-amplitude saccades ⇒ Focal mode
→ Ad hoc threshold to classify the xations (5 degrees).
→ Larger proportion of focal xations
Automatic classication of visual xations based on K-means [Follet et al.(2011)]:
→ Two populations of xation similar to previous studies
→ Automatic classication gives a threshold of 6 degrees
→ 70% of focal xations and 30% of ambient xations
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Focal-ambient dichotomy
Two populations of visual xations?
Automatic classication of visual xations based on K-means [Follet et al.(2011)]
(a) Focal (b) Ambient (c) Focal (d) Ambient
Focal and Ambient xation-density maps
Is there a correlation between model-predicted saliency and these maps?
Both are correlated to model-predicted
saliency;
Focal maps are more bottom-up than
ambient ones;
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